The increased use of magnetic gradients brings about the need for reliable noise characterization in order to understand the assumptions made during data processing. We present a statistical approach to characterize noise in magnetic gradient data. We use an equivalent source technique and finite difference calculations coupled with statistical analysis to observe the distribution of noise within gradient measurements. Our methods are applied to real airborne magnetic data where by we compare measured and calculated gradients. The results show that noise in gradient measurements can be characterized by a skew-t distribution rather than the readily assumed exponential or normal distributions. A secondary consequence from the presented methodology indicates that inherent errors associated with gridding may be detrimental to the use of calculated gradients.
INTRODUCTION
Airborne magnetic gradiometry data are becoming common in large scale exploration surveys (Redford, 2006) . In most applications, multiple total-field sensors are utilized and the gradient is obtained by finite difference in the in-line, cross-line directions, and can also include vertical separation. These data types are advantageous due to increased and complementary information content. The gradient itself provides advantages over the total-field anomaly alone because common-mode noise rejection enhances the signal-to-noise ratio. Gradients in airborne magnetometry have been used in the past to analyze two-dimensional bodies (Nelson, 1988) as well as enhancing conventional gridding of total-field data by creating pseudolines (Redford, 2006) , improving the minimum curvature operator (O'Connell and Owens, 2008) , or correcting for diurnalrelated leveling errors (e.g. Nelson, 1994; Hardwick, 1999) in both spatial and wavenumber domains. Current processing of airborne magnetic data is carried out with the common assumption that the noise follows exponential or normal distributions. Noise in airborne magnetics arise due to the aircraft itself and its orientation and movement within the external magnetic field (Doll et al., 2006) . Onboard noise compensation is discussed by Gamey et al. (2004) . Noise due to aircraft orientation can be compensated for via an Automatic Aeromagnetic Digital Compensator (AADC) (Gopal et al., 2004) , however this is not entirely effective and noise contributions are still present in measured gradients.
In this expanded abstract, we analyse the error distribution between measured and calculated gradients to provide more accurate noise assumptions. We first discuss the calculation of the horizontal gradients using two methods; an equivalent source technique, and minimum curvature gridding with finite differencing. We next introduce a means by which to charaterise gradient noise and then use a field example for demonstration.
CALCULATING GRADIENTS
Equivalent source approach Equivalent sources (Dampney, 1969) are fictitious source distributions constructed on a single layer below the observation surface to reproduce an observed set of potential-field data. This method is advantageous because it has the ability to reproduce data based on the physics, rather than minimum curvature gridding (e.g. Briggs, 1974; Swain, 1976; Webring, 1981) . In our application, the method solves for a common magnetic susceptibility layer that reproduces both total-field and gradient data (Davis and Li, 2007) . Forward modeling the response of the equivalent source layer can efficiently generate data on a uniform grid.
The data, d, generated from the equivalent sources, κ, is given by
where the sensitivity matrix, G, holds the kernel information (Blakely, 1996) . For the i th datum, given the j th model susceptibility the matrix is defined as
In order to solve for the susceptibilities of the equivalent source layer, we employ Tikhonov regularization (Tikhonov and Arsenin, 1977) . The solution to the inverse problem is formulated as a minimization of a global objective function, Φ:
where Φ d is a data misfit function, Φ m is model objective function and β is the Tikhonov parameter. The global objective function is minimized subject to the data misfit equaling near the target data misfit, Φ * d , which is dependent upon the level of noise in the data. The data misfit function quantifies the fitting of the predicted data to the observed data.
Finite difference approach
The other method we examine is the calculation of gradients through finite differencing. Similarly, gradient measurements are acquired using the difference between two total-field sensors. We can therefore calculate magnetic gradients using finite differences of a single central total-field sensor which measures at successive spatial locations. The total-field sensor is diurnally corrected and is assumed to contain little to no aircraft orientation noise from pitch, roll or yaw. Using the central difference equation we can calculate horizontal gradients of the magnetic field to second order approximation.
where ∆T is the total-field measurement and h is the grid interval in the respective direction.
Calculated gradients will be spatially consistent with measured gradients. It is now possible to directly analyse the difference between measured and calculated gradients.
STATISTICAL METHODS
We first observe the distribution of the difference in calculated and measured gradients via a histogram to verify normaldistribution assumptions. Comparison of the histogram with theoretical quantiles from a normal distribution indicates whether the gradient differences are normally distributed or not. We can observe the relationship between measured and calculated gradients through a Quantile-Quantile (Q-Q) plot. A Q-Q plot that has a reasonably linear trend contains two distributions with similar shapes. Departures from linearity reveal the ways in which the two distribution shapes differ (Vardeman and Jobe, 2001 ). For non-normal behaviour, multivariate distributions can be used to fit the data. Arellano-Valle and Genton (2005) discuss flexible parametric multivariate distributions with which to model distributions containing non-normal kurtosis, a parameter which describes the tail heaviness of a distribution. Azzalini and Genton (2008) explore the skew-t distribution, a variation of a multivariate distribution which contains parameters to regulate skewness as well as kurtosis.
We fit a multivariate skew-t distribution to the difference in measured and calculated gradients and fit a linear regression model with multivariate skew-t errors using maximum likelihood estimation (Azzalini and Capitanio, 2003) . The recovered parameters characterize the mean, variance, skewness and kurtosis of the gradient differences. By this process we can statistically evaluate the noise distribution in observed gradient data. For illustration, we now turn to a field example.
EXAMPLE
Though analysis has been performed on multiple data sets, for the purpose of this expanded abstract we present the results from a single data set. We apply our method to a subset of the Central Abitibi Destor-PorcupinePipestone Faults area, near Matheson, Ontario which was acquired for the Ontario Geologic Survey (2004) . The data was north-south flown airborne magnetic data with a line spacing of 70m and mean terrain clearance of 50m . First, we use an equivalent source technique to reproduce cross-line gradients on an even grid. We also grid the total-field and measured gradients at 25m cross-line and 10m in-line using minimum curvature and apply finite difference to calculate cross-line gradients. The total-field anomaly is shown in figure 1(a) while figure 1(b) shows the measured cross-line gradient.
Figures 2(a) and 2(b) present the histograms of the differences between measured and calculated cross-line gradients for both methods, respectively, and show large central peaks with very heavy tails. Figures 3(a) and 3(b) compare the gradient difference distributions for each method with theoretical quantiles from a normal distribution indicating highly non-normal tails in the distributions given by deviation from the straight line. The resultant parameters for the skew-t distribution are shown in Table 1 and have similar results for both the equivalent source method and minimum curvature gridding. We see that both skew-t distributions contain a very small mean, variance and skewness. The low degrees of freedom in both distributions explains the heavy tail behaviour and deviation from normality. We note that the histogram quantiles are two orders of magnitude higher for minimum curvature than for the equivalent source technique. This indicates that calculating gradients from the total-field after gridding may be introducing unnecessary errors into gradients. 
CONCLUSIONS
We evaluate the error statistics in airborne magnetic gradient data by comparing measured and calculated gradients from total-field data, using two different approaches. The first method uses an equivalent source technique by reproducing the gradient via a recovered model. The second method uses minimum curvature gridding followed by finite difference to produce a different set of calculated gradients. Two conclusions are reached by examining the difference between observed and calculated gradients. First, there are increased errors introduced when using finite difference posterior to minimum curvature gridding, highlighting the necessity for gradient measurements. Secondly, the distribution that we observe in the difference between calculated and measured gradients differs greatly from a normal distribution. Instead we have a skew-t distribution defined by a zero mean, very small variance, little to no skewness and very heavy tails. The implications of the skew-t distribution imply that a commonly assumed normal distribution for the noise is incorrect and we may be neglecting information about gradient data. The presence of a skew-t distribution implies that the standard L 2 measure of data misfit may not be strictly valid, and a different measure consistent with the error distribution must be used. We will show that this is valid for in-line gradients using a second data
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